Abstract -An effective online PMS is critical for the future electrified vehicles as it has direct impacts on fuel economy, greenhouse gasses (GHG) emission, as well as the durability of power-train components. In this paper, we considered a PMS developed based on the concept of model predictive control (MPC) which formulates the control design as an optimization problem that is solved based on forecasted system behaviors over a limited prediction horizon to obtain the optimal control actions for the current time instant. The main contribution of this paper is that we take a systematic approach to examine the link between model fidelity and controller performance for the case of a hybrid energy storage system in a light-duty hybrid electric vehicle. A sensitivity analysis approach is developed and presented in this paper along with preliminary simulation results to demonstrate the impact of battery model fidelity on the performance of the proposed PMS.
INTRODUCTION
To achieve the objectives of optimal fuel efficiency, minimal greenhouse gasses (GHG) emission and improved battery lifetime, advanced power management strategies have been studied [1, 2] as the primary technology enabler for the future electrified vehicles. Different off-line and real-time control approaches have been developed and evaluated to serve the need of efficiently and effectively distributing power between onboard power/energy sources and improving the utilization of the system. Lately, Model Predictive Control is gaining in popularity as a general, optimization-based control strategy for online PMS design. MPC was first adopted in the process industries for power plants and oil refineries back in the 1980s [3, 4] . Compared with traditional set-point based feedback control or rule-based control strategies, MPC can handle specific constraints and offer effective control solutions for complex nonlinear and event-driven dynamics that are commonly found in real-world automotive applications. With look-ahead capability, MPC is also capable of proactively responding to system disturbances at an early stage to provide additional stability and reliability.
Current applications of MPC for online vehicle management systems can be found in both hybrid electric vehicles (HEVs) and plug-in HEVs (PHEVs) [5] . In fact, MPC-based algorithms and equivalent fuel consumption minimization strategy (ECMS)-based [6] [7] [8] are considered the primary on-line management approaches for HEVs. Previous literature, such as [9] suggests that by utilizing MPC, the overall power efficiency is maximized for a series HEV [9] . In [10] , based on the varying price of gas and electricity, an MPC minimizes the cost of the vehicle's energy use for a series PHEV. In another research report, engine transient characteristic is incorporated in an MPC for parallel HEV [11] . In other publications [12, 13] , the goal of MPC is set to reduce the energy consumption and optimize energy usage to reduce the cost as well CO 2 emissions.
In the application of real-time, dynamic MPC, the heart of MPC algorithm design and development lies in the process of modeling [14] . It is well-known in the MPC research community that the quality of the model, in representing the plant behavior adequately, profoundly impacts the performance and the confidence of the control design as it provides the core information to track current system states and predict future system actions. Meanwhile, as an optimization-based control, the control solution of MPC depends on solving a linear/nonlinear programming problem at each sample time. It is then apparent that the computational complexity of the control solution is directly related to the model form as well. Therefore, one of the most critical decision needs to be made during MPC design stage is to choose the appropriate fidelity of the underlying models.
Previous literature [15] [16] [17] [18] [19] [20] suggests that the typical response to this issue during the practical design of predictive controllers in the process manufacturing has been heuristic. Since the plant dynamics can be conveniently modeled by linear equations, once the model-plant mismatch happens, a simple re-identification can be performed to adjust the linear model to make it accurately capture the current plant dynamics without changing the essential forms of the model. However, the problem we are facing in the automotive MPC design is significantly different. Instead of looking for hints to identify and diagnose the model-plant mismatch when control performance deteriorates, we are aiming to search for guidelines and quantifiable metrics during the modeling process to allow the controller to be developed with sufficient accuracy and computational efficiency when we have models of different fidelities available to choose from.
In vehicle-related cases presented in the literature such as [21] [22] , ad-hoc experiments need to be carried out to determine if a specific level of model fidelity can meet the design criteria for a particular control design. However, to the authors' knowledge, a specific research effort has so far not been made to examine this correlation comprehensively and quantitively when it is of critical importance in practical, realtime application design for vehicle powertrain control.
To address the challenges mentioned above, a systematic approach has been attempted in this paper. It aims at examining the link between model fidelity and controller performance for the case of a hybrid energy storage system in a light-duty hybrid electric vehicle consisting of a high energy density battery, a high power density ultracapacitor, and a power converter to control the power split between the two. In Section II, the background of the research work is discussed, including the general impact of the model fidelity and an overview of the PHEV model studied in this paper. Then in Section III, the detailed schematic and the functional modules of the proposed PMS system is explained. In Section IV, the impact of the different battery models on MPC has been evaluated through sensitivity analysis. The simulation results are presented in Section V while the conclusion is drawn in Section VI.
II. BACKGROUND
In this section, the background of this paper is covered. First, the impact and importance of model fidelity regarding control performance are illustrated. The general schematic, especially the powertrain components of the electric vehicle studied in this paper is also briefly overviewed to set the stage for the rest of the discussion.
A. Impact of model fidelity
The sophisticated vehicle nonlinear dynamics, short sampling period, and limited computational capacity provided by the embedded onboard hardware have determined that one of the biggest challenges for model-based automotive control algorithm design is to choose the appropriate fidelity of the vehicle dynamic model. Especially, for MPC, as the model plays the central role in providing the necessary information to track current system states and predicting future system behaviors, it is evident that the quality of the model, in representing the plant behavior adequately, profoundly impacts the performance and boosts the confidence of the control design. Meanwhile, the on-line, real-time nature of MPC, along with the limited hardware capability also suggests that infinitely increasing the model fidelity to achieve virtually zero mismatches between the model and the physical vehicle is never a valid nor an affordable option for practical control system design. A trade-off has to be made between "the best representation of the physical system behavior" offered by the high-fidelity model and "the capability to solve a linear/nonlinear programming problem in real-time at each sample time" provided by the onboard computational resources.
Although this challenge has been well recognized in classical MPC design practices, currently the majority of the literature still address this issue in an ad-hoc fashion [15, 21, 22, 23] . This is why a set of "simplified" models have to be tested and validated according to the specific application requirements. Those "simplified" models have been developed based on the understanding of the physical system responses and the control problem. The fidelity of the candidate modeling strategy needs to be adequate for controller design and meet the objective of generating sufficient control solutions without losing the real-time performance. While this sort of ad-hoc approaches has been demonstrated to work for existing MPC applications, the rigorous correlation between model fidelity, computational demand, the predictive capability, and the effectiveness of the generated control outputs hasn't been systematically explored and verified. In other words, how to determine the appropriate model accuracy for a given MPC application under limited computational resources remains an open question. This is why the authors of [14] have concluded that "To date, most results in this area indicate good performance in the presence of model uncertainty; however, a rigorous analysis that can provide sufficient conditions for robustness has not been completed." This aspect of the understanding needs significant improvement to develop the essential guidelines and metrics in designing real-time predictive control applications.
To address this challenge, in this paper we propose to investigate, identify, and quantify the effects of model fidelity on the MPC controller's performance. The particular focus of this paper is on the accuracy of the battery model for the ESS. Different battery models fidelity will be evaluated within the context of a complete vehicle model, and the performance of the controllers designed based on these models shall be compared accordingly.
B. Vehicle model
The schematic of the vehicle model is shown in Fig. 1 . The vehicle considered in this paper is a series PHEV, and as depicted in the figure, its powertrain consists of an electric generator, an Energy Storage System (ESS) composed of a lithium-ion battery, and an electric motor which is connected to a DC bus. The arrows in Fig. 1 indicate the possible directions of the energy flow within the power-train. During acceleration, the generator or the ESS provide power to the DC bus for the motor, while during regenerative braking, the motor works as a generator and provides power to the ESS through the DC bus. Except for cranking the engine at the very start of a drive, there is no energy transfer from the battery to the engine through the generator when the car is running. Consequently, the energy flow in this situation is minimal and considered negligible compared to the total energy consumption. This is why the arrows between engine and generator, and between generator and battery are uni-directional. The size of the ESS has been selected based on both the available space inside the physical test platform (a 2015 model of Subaru BRZ) and a parametric study on the available size of high energy density modules from A123 (Livonia, MI, USA) to minimize fuel consumption [24] . It is expected that compared with high power density modules, the adopted ESS should be able to store more energy to increase the all-electric range and, as a result, to reduce the fuel consumption of the vehicle. The size of the engine has been selected based on the reduced size engine concept to achieve maximal fuel economy as explained in [25] . The power rating of the motor unit has been chosen to keep the acceleration performance of this new PHEV close to its original performance. The unit includes two independent motors for both rear wheels. 
III. MODEL PREDICTIVE CONTROL STRATEGY

A. Overview
The MPC-based control strategy developed in this paper is shown in Fig. 2 which is designed based on the reference vehicle model explained in Section II.B. The primary modules utilized in the control diagram include a dynamic model of vehicle, a predictor, and a utility function. The dynamic vehicle model module provides a numerical representation to approximate the physical system behavior. It defines the relationship between the observed and internal system states, particularly those relevant to the performance criteria, and the control inputs. The predictor module is utilized to evaluate the anticipated future disturbances to the vehicle (i.e. next speed of the vehicle) by using the recent samples. The utility function module, as the name suggests, defines the set of performance specifications and system states that need to be optimized or regulated within a specified region or follow particular optimal trajectories.
In this paper, the dynamic model of vehicle is described by state space equations in the following general form:
(1) Where is the state variables vector, is the control inputs vector, and indicates the disturbances vector. In series HEV (1) can be further specified by using two state variables, the ESS state of charge (SoC(t)) and engine speed ( ), two control inputs, the engine speed and generator torque ( ), and one disturbance vector, the vehicle linear speed. At any given time instant, the vehicle dynamic model receives 1) the anticipated speed for next time instant from predictor, 2) measurements of the current states variables ) from the vehicle physical model. By using these inputs, the vehicle dynamic model estimates the next state variables regarding control inputs ). Then in the utility function module, the objective function of the optimization problem is formulated in terms of the predicted state variables for the next time instant ( 1) ( +1)), current control inputs ( ( ) ( )), and anticipated speed ( ). This process will be formulated for the whole prediction horizon in a receding fashion and solved to derive the control solutions. It is assumed that the following constraints hold true in this paper: 
B. Vehicle Dynamics Model: state space equations
This section describes the vehicle dynamic equations [26] [27] [28] [29] . The nomenclature has been provided at the end of the paper. The power that the powertrain of the car has to provide can be computed as follows, which is computed in vehicle longitudinal model block of Fig. 1,: (5) The rolling resistance of the vehicle is defined by Eq. (6): (6) The static and dynamic rolling coefficients have been experimentally determined. The grading resistance of the vehicle is defined by Eq. (7): (7) The aerodynamics drag resistance is defined as follows: (8) The vehicle's acceleration resistance is defined by Eq. (9): (9) The electric motor power demand at the wheels can be calculated by Eq. (10) and (11):
The motor speed and torque are computed as follows:
The electric power requested by the electric motor is computed as follows:
The motor efficiency  m is computed by interpolating the manufacturer look-up table over torque and speed. The electric power generated by the electric generator can be computed as follows:
The generator efficiency  g is calculated by interpolating the manufacturer look-up table over torque and speed. The speed of the engine is already known as it is controlled by the MPC. Only the engine torque needs to be computed. In a discrete domain, it can be computed by Eq. (18):
The fuel consumption is then computed by interpolating the manufacturer look-up table over engine torque and speed.
C. Objective functions
Two different cost functions are considered in this paper to evaluate the performance of the controller regarding fuel consumption and the usage of the battery. The first one only considers the fuel consumption of the car and the second one takes into account the fuel consumption, the power drawn/absorbed from/by the battery and the aging of the battery. Those functions are minimized for the prediction horizon in a receding fashion and are computed through Eq. (19) and (20) (19) (20) In Eq (20), the energy consumption of the vehicle is related to the capacity fade of the battery. This relationship is not obvious. However, if the energy necessary to build a battery is taken into account, so it can be considered that every degradation of the battery is equivalent to a portion of this energy. This portion is obviously equal to . Moreover, an adjustment factor equal to is used to take into account the fact that the capacity fades percentage from which the battery reaches the end of life (EOL). According to the USABC standards [30] , EOL is 20% for HEVs. Then, the link between the nominal energy capacity of the battery ( ) and the required energy to build the battery, named the cradle to gate embodied primary energy per unit of electrical energy capacity and noted , is given in [31] .
D. Optimization solver
Once the optimization problem is formulated based on the previous discussion, a numerical solver is needed to solve it and provide the control solution. In this paper, the function "fmincon" included in the Matlab Global Optimization Toolbox is utilized. As a gradient-based algorithm, "fmincon" is commonly utilized to find the minimum of a constrained nonlinear multivariable function such as the one we formulated in this paper [32] . It has been preferred to a standard tree search algorithm [33] [34] [35] , such as a pruning tree search, to speed up the search of the optimal solution. This way, the prediction horizon of the MPC can be increased to more than one lookahead step.
IV. SENSITIVITY ANALYSIS
The proposed methodology to study the impact of model fidelity in this paper is developed based on the analysis of closed-loop relationships. Specifically, we consider the following feedback structure with MPC controller in it as shown in Fig. 3 . The first sensitivity analysis in the context of MPC controller has been developed as shown in Fig 4. For now, we are assuming that the real vehicle characteristics can be entirely captured by the full-fidelity model. The vehicle model with the highest battery fidelity model, denoted "BMref", developed in [36] is considered as our reference vehicle model. Then, five dynamic vehicle models with different battery models, denoted from "BM1" to "BM5", are used inside the MPC algorithm. Characteristics of those battery model are described in Table I and Fig. 5 . The open circuit voltage and the battery aging model come from [36] . The impedance characteristics for "BM4" come from [37] . Also, to reduce the computational burden of the MPC, only the generator torque is considered as a control variable input in the following experiments, while the engine speed is kept constant at 3500 rpm. This value has been selected to improve the efficiency of the engine. 
A. Fuel Cost function
In the first sets of experiments, the lookahead step is set to 10 seconds, and MPC controller state variables are updated every 10 seconds. When the objective function is to minimize the fuel consumption only, Fig. 5 shows that there is no difference between cumulative fuel consumption. In fact, by considering the whole vehicle model shown in Fig 1, it is easy to understand that the battery model has only influence on the voltage ( , the current ( , the state of charge (SoC), and the capacity fade of the battery. It does not affect the power provided by the battery ( ) as it is computed by a different module of vehicle model independently. Moreover, the differences between battery models have only small impact on voltage, which implies low impact on current and SoC according to Eq. (21) and (22) . (21) ( 22) Those small differences make the battery state variables of the MPC diverge slowly from the real states. However, as they are updated every 10 seconds by the current states of the car, those differences are too small to cause any difference between voltage, current, SoC or capacity fade of the car for different MPC battery model. Fig. 6 illustrates this point by providing results concerning the SoC. When the objective function is minimizing fuel consumption, the MPC algorithm select the control inputs such that SoC is superior to 15% (cf Eq(2)) and fuel consumption is minimum. Then, it can be easily understood that the SoC represents a "trigger" that "activates" the engine. Fig. 6 shows clearly that battery models do not affect SoC. This explains why battery model does not influence the cumulative fuel consumption. The last measure of battery voltage done by the Battery Management System (BMS) could be directly used by the MPC controller to select the best control input. 
B. Energy Cost function
In this case, the lookahead step has been fixed to five seconds, and MPC controller state variables are updated every five seconds. When the objective function is to minimize the energy consumption of the vehicle (cf. Eq. (2)), Fig. 7 shows that the difference between cumulative energy consumption is negligible. The reasons are quite similar to where the objective function is fuel cost function. Fig. 8 and 9 show comparison between SoC and current for different battery model for MPC. They indicate that the battery model does not have a significant impact on the cumulative energy consumption. 
VI. CONCLUSION
This paper aims to provide a systematic approach to address the issue of choosing the proper model fidelity within MPC design for vehicle applications. The contribution of this paper consists of evaluating the impact of different battery models of a plug-in hybrid electric vehicle (PHEV) through a sensitivity analysis to reach optimal objective function for an MPC. Through simulations, it is proven that for the system considered in this paper, when the cost function take into account fuel consumption only or fuel consumption plus energy going the battery and capacity fades of the battery, the battery model does not have a significant impact on the objective function. Therefore, the battery model can be simplified as its nominal constant voltage source or by using voltage measure of the battery through its battery management system (BMS). Such model would be even simpler than the one previously used for MPC based analysis. This observation can be explained by the fact that the battery model state variables are often updated (every 5 or 10 seconds) by feedback from the real state variable. This feedback prevents both model and real state variables of the battery to diverge and cause a significant error. However, in this study, it has been considered that the vehicle can feedback every state variables that is required by the MPC controller. Nowadays, precise online estimation of the capacity fades of the battery is not available for BMS. Without this feedback from the real battery, it is very likely that the capacity fades of the battery computed by the battery will slowly diverge from the real one. This is why a high fidelity battery model might be necessary to reduce the growth of this error across time. Future work will investigate this assumption and will also provide some experimental data results
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